Didacticiel - Etudes de cas R.R.

1 Topic

Studying the influence of two approaches for the treatment of missing values (univariate

imputation and listwise deletion) on the performances of the logistic regression.

The handling of missing data is a difficult problem. Not because of its management which is simple,
we just report the missing value with a specific code, but rather because of the consequences of their

treatment on the characteristics of the models learned on the treated data.

We have already analyzed this problem in a previous paper. We studied the impact of the different
techniques of missing values treatment on a decision tree learning algorithm (C4.5; Quinlan 1993)".
In this paper, we repeat the analysis by examining their influence on the results of the logistic
regression. In a first time, we mainly use the R software, with the glm() procedure. In a second time,

we examine the behavior of the tools proposed by Orange, Knime and RapidMiner.

The origin of the missing value” is the first characteristic which determines their treatment. It can be
MCAR (missing completely at random) i.e. the apparition of the missing value does not depend
neither to the values of the variable, nor to the values of the other variables of the database. It can
be MAR (missing at random) i.e. its occurrence does not depend on the values of the variable after
we remove the influence of the other variables. For instance, managers are less likely to declare their
salaries in a survey. But in this category, the probability of the occurrence of missing value does not
depend on the value of the salary. Last, it can be MINAR (missing not at random) i.e. the occurrence
of the missing value is related to the true value of the variable. We cannot use a statistical approach

for the imputation in this case.

Among these configurations, the MCAR case is the easier to manage. We get unbiased estimates of

parameters, even when we use very simplistic techniques such as the listwise deletion approach?®.

The characteristic of the subsequent statistical method applied on the pretreated dataset is the
second important piece of the puzzle. Clearly, the influence of missing values and their treatment is
not the same on a predictive analysis (e.g. logistic regression), on a clustering algorithm (e.g. an
Agglomerative Hierarchical Clustering) or on a factor analysis (e.g. a principal component analysis).
The distinction is all the more important that some statistical methods incorporate natively a
strategy for the handling of missing values (e.g. the NIPALS algorithm* for principal components

analysis and the PLS regression).

Last, the criteria for assessing the treatment of missing data is the final piece of the puzzle. The goal
is not to find the "true" values of missing observations for each variable. But rather to propose
replacement values (in the case of imputation) which do not alter the results of the study we are

conducting. We highlight often bias and the variance of the estimated parameters in the statistical

! http://data-mining-tutorials.blogspot.fr/2009/11/handling-missing-values-in-sipina.html

2 http://www.uvm.edu/~dhowell/StatPages/More_Stuff/Missing_Data/Missing.html

3 http://en.wikipedia.org/wiki/Listwise_deletion

4 http://en.wikipedia.org/wiki/Non-linear_iterative_partial_least_squares
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literature. But in the specific context of predictive analysis, we can also ask the question of
performance. What is the missing value processing technique which enables to build the most

efficient model in prediction?

In this tutorial, we consider the following configuration: (1) missing values are MCAR, we wrote a
program which removes randomly some values in the learning sample; (2) we apply logistic
regression on the pre-treated training data i.e. on a dataset on which we apply a missing value
processing technique; (3) we evaluate the different techniques of treatment of missing data by

observing the accuracy rate of the classifier on a separate test sample which has no missing values.

In a first time, we conduct the experiments with R. We compare the listwise deletion approach to the
univariate imputation (the mean for the quantitative variables, the mode for the categorical ones).
We will see that this latter is a very viable approach in MCAR situation. In a second time, we will
study the available tools in Orange, Knime and RapidMiner. We will observe that despite their

sophistication, they are not better than the univariate imputation in our context.

2 Dataset

Original dataset. We use the GERMAN CREDIT DATA in our experiment’. We randomly split the data
file into two sheets in an Excel workbook (credit-german-md-simulation.xls): CREDIT-GERMAN-
TRAIN-FULL (300 instances) is used for the learning model phase; CREDIT-GERMAN-TEST (700
instances) for the test phase. For this second sample, we created once and for all the data file

CREDIT-GERMAN-TEST.TXT (text file format). There are no missing values in these two samples.

: _ 3
I'/D?ﬁ\]\:! = = credit-german-mad-simulation.xls [Mode de compatibilité] - Microsoft Excel |ﬂ|
. Accueil Insertion Mise en page Formules Données Révision Affichage Développeur Compléments 'Q} - g X
ﬁ = ¥ Enregistrer une macro F,,__“l/ b}f’ %P Propriétés E + Propriétés du mappage [ZImporter
=l =3 E.::“j Utiliser les références relatives oS o G visualiser le code 22 Kits dextension i Exporter
| Wisual Macros Insérer Mode Source
Basic I\ Sécurité des macros ~  Création 1 Exécuter la boite de dialogue ‘@ Actualiser les données
Code Contrdles XML
L27 - I | car ¥
D E F G H | J K L M B
1 |purpose credit_amoun savings_statu employment installment_c¢ personal_stat other_parties residence_sir property_mag age ot
I 2 | radioity 5943 no known savin =1 1 female div/idep/r none 1 car 44 no
3 | furniturefequipm 3650 <100 =1 1 female dividepir none 4 car 22 no
4 | furniturefequipm 2089 no known savin 1==X<=4 2 male mar/wid  none 1 car 26 no
5 |business 1568 | 100==X=500 1a=X=4 3 female div/depir none 4 life insurance 24 no
6 | radioftv 1533 <100 =1 4 female dividepir none 3 car 38 =h
7 | business 1841 ==1000 1==K=4 4 male single none 2 life insurance 35 na
Bl & | radioty 1364 <100 a=X=T 3 male single none 4 real estate 59 ng
9 |used car 2953 <100 1==K=4 3 male single none 2 real estate 28 sh
10 |new car 5045 no known savin ==7 1 female div/idep/r none 4 car 59 no e
H 4+ M| credit-german-md credit-german-train-full | credit-german-test ¥/ N0
0

|| Prét = f 1 100% (=) (+) 4

Creating a training sample with missing values. We use a VBA program to generate a learning
sample with some missing values. For this, we launch the program by clicking on the DEVELOPPEUR /
MACROS into Excel (for the French version of Excel). Into the dialog box which appears, we select the

STARTDATAGENERATOR program.

> http://archive.ics.uci.edu/ml/datasets/Statlog+%28German+Credit+Data%29
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Visual
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Inserer
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Code
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radi

furn @ Appuyez sur F1 pour obtenir de I'aide.

furniture/equipm

2069 no known savin 1==X=<4

business
radiofty
busingss
radioftv
used car

1
2
3
4
5
6
7
8
9

1558 100==X=500
1533 <100

1941 ==1000
1364 <100

2893 =100

a=X<d
=1

1e=X<d
4==K=T
1x=X<d

Macros dans : | Tous les dasseurs ouverts

Description

10 | new car

5045 no known savin ==7

HoA M

credit-german-md - credit-german-trainful | al

Prét |

The program is started, a settings dialog asks the - 1
Missing values genm M

Missing walues proportion :

proportion of the missing values that we want to

insert into the learning sample. For instance, if we

set 0.05 (5%), the program generates a learning

sample with (0.05 * 300 rows * 20 variables = 300 |

cells) missing values (the '?' character is used for Lol

materializing the missing value). The class attribute

is not concerned by this process.

The resulting dataset is inserted in the first sheet of the workbook (CREDIT-GERMAN-MD).

e compatibilité] - Microsoft Excel

| Accueil Insertion Mise en page Formules Données Révision Affichage Développeur Compléments @ - = x
il |
=K Bitstream Ver = 8 A |§ | = Standard - S Insérer ~ X H [ﬁ il
= 53 |G x S '||A‘ A | |EE' %a EIUEI| 5% supprimer ~ || (@]~
Coller <0 .00 Style o~ Trier et Rechercher et
= ) 60,0 e Ej Format ~ 27 filtrer - sélectionner -
Presse-papiers ™ Paolice (F] Alignement ) Nombre M« Cellules Edition |
I C3 -3 fe | ? =
A B c D E F G H | J N
1 checking_stat duration credit_history purpose credit_amoun savings_statu employment installment_cc personal_stat other_parti—
2 |<0 12 criticallother exi new car 3485 <100 <=Xad 3 female dividep/r co applicant 3
Zl-cﬂ 87 .furniture.fequiprr 1872 =100 ? 4 male gingle none
4 |<0 & critical’other exi new car 1361 =100 <1 2 male =ingle none
5 |no checking 15 existing paid used car 30258 =100 4=XT 2 male =ingle none
6 |>=200 18 all paid radioftv 1445 no known savin d4==X=7 4 male =ingle none
T |ne checking 18 all paid new car 5458 <100 =7 2 male single none
8 |no checking 48 critical’ether exi business 7829 no known savin ==7 4 male div/sep none
9 |0<=X<200 30 criticaliother exi new car 4249 =100 unemployed 4 male mar/wid none
10 |ne checking 18 delayed previcu business 2169 =100 Te=K=4 4 male mar/wid none
11 |no checking 18 criticallother exi used car ? no known savin unemployed 2 male single none
12 |no checking 7 all paid used car T485 no known savin unemployed 4 female div/dep/r none
13 [==200 102 radioitv 1347 no known savin 4<=X=7 472 none
14 |no checking 12 criticallother exi new car 926 <100 unemployed 1 female div/dep/r none
15 | no checking 24 existing paid new car 1249 =100 <1 4 male mar/wid none
15 Oe=X<200 13 existing paid radiofty 2101 =100 =1 2 female div/dep/r guarantor
<0 18 criticallother exi new car 5302 =100 =7 2 male single none
M 4+ M| credit-german-md . credit-german-train-ful - credit-german-test {1 |
prét | | R\ (O = +
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At the same time, the learning sample 'CREDIT-GERMAN-MD.TXT' (text file format) is automatically

created in our working directory (the directory of the XLS file).

Organiser » Inclure dans |a biblicthéque + Partager avec » Diaporama Graver MNouveau dossier =« A @
Yt Favoris * Nom . Modifié le Type Taille
M Bureau _}n credit_imputation.r 29/11/2011 11:06 Tinn-R 3Ke
&l Emplacements récents credit-german-md.ows 30/11/2011 07:07 Fichier QWS 21 Ko
& Téléchargements 30/11/2011 22:46 Document texte 40 Ko
| credit-german-md-0_00.tt 29/11/2011 10:36 Document texte 41 Ko
M Bureau = | credit-german-md-0_50.td 29/11/2011 10:37 Document texte 41 Ko
4 Bibliothéques | credit-german-md-1_00.td 29/11/2011 10:38 Document texte 41 Ko
@ Documents | credit-german-md-2_00.td 29/11/2011 10:38 Document texte 40 Ko
(] Images | credit-german-md-5_00.td 29/11/2011 10:39 Document texte 40 Ko
Jﬁ Musique | credit-german-md-10_00.b¢ 29/11/2011 10:39 Document texte 38 Ko
E Vidéos L4 | credit-german-md-20_00.bd 29/11/2011 11:06 Document texte 36 Ko
ﬁ Groupe résidentiel @ credit-german-md-simulationxls 03/11/201115:14 Feuille Microsoft ... 357 Ko
A Maison | credit-german-test.bdt 03/11/201115:14 Document texte 95 Ko
% Ordinateur El process - rapidminer.png 30/11/2011 19:39 Image PNG 53 Ko
f! Réseau @ results_experiments.ds 30/11/2011 18:58 Feuille Microsoft ... 9Ko
@ Panneau de configuration 7
] 14 élément(s)

We use the following VBA code for this task.

Private Sub cmdBOk Click()
'retrieve the proportion from a dialogbox
Dim proportion As Double
proportion = Val (tbProportion.Text)
'checking the range of the value (< 0.5 max.)
If (proportion < O#) Or (proportion >= 0.5) Then
proportion = 0.01
End If
'copying the full training set to the first sheet
Sheets ("credit-german-train-full") .Select
Range ("A2:U301") .Select
Selection.Copy
Sheets ("credit-german-md") .Select
Range ("A2") .Select
ActiveSheet.Paste
'number of cells to clear
Dim nbMd As Long
nbMd = Int (6000# * proportion)
'counter for the number of missing values
Dim counter As Long
counter =1
'coordinates
Dim i As Long, J As Long
'initialize the random number generator
Randomize (100)
Do While (counter <= nbMd)
'row
i =2 + Int(300# * Rnd)
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'column

3 =1 + Int(20# * Rnd)

'checking if the cell is already empty
If (Cells(i, 7J).Value <> "?") Then

Cells (i, j).Value = "?2"
counter = counter + 1
End If

Loop

'set the text file name

Dim nomFichier As String

nomFichier = "\credit-german-md.txt"

nomFichier = ThisWorkbook.Path + nomFichier

'checking if the file already exists

Dim fs As Variant

Set fs = CreateObject ("Scripting.FileSystemObject")

If (fs.FileExists (nomFichier) = True) Then
fs.deletefile (nomFichier)

End If

'save the sheet into a text file

ThisWorkbook.SaveAs fileName:=nomFichier, FileFormat:=xlTextWindows

'close the form (dialogbox for the proportion setting)

formMD.Hide

End Sub

We note that if we insert 300 missing value in our dataset, it does not mean that we have 300
observations with at least one missing value. Some instances have more than on missing value (e.g
the row #13 into the screenshot above), others are complete. In the follows, we count the number of

instances with no missing values in each generated learning samples.

3 Processing the missing values with R

3.1 TheR program

We wish to compare two methods of dealing with missing data: the listwise deletion and univariate
imputation (replacement by the average for the quantitative variables, by the mode for the
categorical ones). To evaluate the efficiency of the strategies, we apply the models learned from the
pre-treated dataset on the same test sample with no missing values. The best strategy is the one that

induces the best model i.e. which has the best test accuracy rate.
The R program is subdivided in several parts.

Loading the samples. We load the learning sample (with some missing values) and the test sample

(with no missing values).

#loading the test sample

setwd("... votre répertoire ...")

data.test <- read.table(file="credit-german-test.txt",dec=".",sep="\t",header=T)
#loading the test sample
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data.train <- read.table(file="credit-german-md.txt",dec=".",sep="\t",header=T,na.strings="?")
summary(data.train)

Listwise deletion approach. The first strategy is to remove from the dataset the observations which
contain at least one missing value. This is the listwise deletion strategy. We can reduce dramatically
the dataset size with this approach. But in the MCAR context, with a moderate proportion of missing

values, it can be acceptable.

#first approach: listwise deletion

data.train.omitted <- na.omit(data.train)

summary(data.train.omitted)

print(paste('Remaining observations : ',as.character(nrow(data.train.omitted))))
model.omitted <- glm(classe ~ ., family = binomial, data = data.train.omitted)

na.omit(.) removes from the dataset the instances with at least one missing value. model.omitted is

the model learned from the resulting observations.

Univariate imputation. We use the following program for the univariate imputation. We obtain the

model.imputed model from the pre-treated learning sample.

#second approach: univariate imputation univariée (mean, mode)
data.train.imputed <- as.data.frame(lapply(data.train,traiter_missing_data))
summary(data.train.imputed)

model.imputed <- glm(classe ~ ., family = binomial, data = data.train.imputed)

The traiter_missing_data(x) function makes the distinction between the continuous (numeric) and

the factor (categorical) variables.

#according to the variable type
traiter_missing_data <- function(x){
if (is.factor(x) == T){
return(traiter.discrete(x))
}else {
return(traiter.numeric(x))

}
}

Thus, for the continuous attribute, we calculate the mean on the available values and we replace the
NA by this value:

#continuous variable, replace NA by the mean
traiter.numeric <- function(x){
y<-X
z <- na.omit(y)
if (length(z) < length(y)){
m <- mean(z)
ylis.na(y)] <-m
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}

return(y)

}

The approach is similar for the categorical variables; but we use the ‘mode’® instead the mean:

#categorical variable, replace NA by the mode
traiter.discrete <- function(x){
y<-X
z <- na.omit(y)
if (length(z) < length(y)){
frequence <- table(z)
m <- which.max(frequence)
ylis.na(y)] <- levels(x)[m]

}

return(y)

}

Model evaluation. Last step of our experiment, we evaluate the models. We use a specific function
for this. It takes as input the test sample and the model. It computes the model prediction, the
confusion matrix and the accuracy rate. We use the accuracy rate instead of the error rate to obtain

results directly comparable to the outputs of the other tools.

#new.dataset is the test sample

#model is the model to evaluate

pred_and_confusion_matrix <- function(new.dataset,model){
#score predicted by the model
data.pred.prob <- predict(model,newdata = new.dataset)
#classification from the score
data.pred.class <- ifelse(data.pred.prob > 0.5,"B","A")
data.pred.class <- as.factor(data.pred.class)
#confusion matrix (observed class values vs. predicted value)
mc <- table(new.dataset$classe,data.pred.class)
print(mc)
#accuracy rate
ca <- (mc[1,1]+mc[2,2])/sum(mc)
print(ca)

}

3.2 Organization of the experiments

The idea is to observe the impact of the treatment strategy when the proportion of missing values
increases. We try the following percentages: 0.5%, 1%, 2%, 5%, 10% and 20%.

6 http://en.wikipedia.org/wiki/Mode_%28statistics %29
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The reference result is the performance of the model learned from the complete training sample (0%

missing data). Of course, both strategies should provide the same result since no missing value

processing is performed. The test accuracy rate of the model is 73%. We should not obtain a better

result for the model learned on the learning samples with missing values below (normally).

R RGui (64-bit) - [R Consaole]

=@ = [

R Fichier Edition Voir Misc Packages Fenétres Aide

B CE

> fpremiére golution : listwise deletion

> data.train.omitcted <- na.omit (data.train)

> Faummary (data.train.omitted)

> print (paste('Remaining observations ! ',as.character(nrow(data.train.omitted)))
[1] "Remaining obserwvations : 300"

> model . .omitted <- glm(classe ~ ., family = binomial, data = data.train.omitted)

> #évaluation
> pred and confusion matrix(data.test,model.omitted)
data.pred.class
iy B
bad 107 103
good 86 404

[1] ©.73

>

> #zeconde solution : imputation univariée (movenne, mode)

> data.train.imputed <- asz.data.frame (lapply(data.train,traiter mizsing dataj)

> ssummary (data.train.imputed)

> model.imputed <- glmicla=zse ~ ., familv = binomial, data = data.train.imputed)
> #évaluation

> pred and confusion matrix(data.test,model.imputed)

data.pred.class
iy B
bad 107 103
good 86 404
[1] ©0.73
>
> |

4

m

3.3 Experiment results

We obtain the results into the table below.

GERMAN DATASET Accuracy rate
# let
% missing coorrk:s ete Listwise Del. Univ. Imputation
0,00% 300 0,7300 0,7300
0,50% 272 0,7100 0,7257
1,00% 246 0,7129 0,7286
2,00% 201 0,7214 0,7186
5,00% 111 0,6729 0,7114
10,00% 40 ERR 0,7086
20,00% 4 ERR 0,7214

We observe that:

e The presence of the missing values deteriorates the model performance.

e When there is a little proportion of missing values (up to 2%, about 201 complete instances), the

two approaches give similar performances.
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e When the proportion is higher, the listwise deletion approach seems inappropriate. Starting from

a certain proportion (10%), the learning process is impossible because there are too few

complete instances into the dataset.

e In contrast, the univariate imputation has a really good behavior. In the configuration MCAR, the

strategy is appropriate even when there is 20% missing values in the training sample. In fact, this

is not surprising. The "?" are well spread throughout the columns, there is finally a few

proportion of missing observations for each variable. The value used for the replacement is

viable. For the proportion of 20%, about 240 values are available in each column.

Again, we are in the perfect MCAR context in this tutorial. We must not forget it when we read the

results. However, they are really interesting. Particularly, the univariate imputation seems viable in

this context, even when the proportion of missing values is high.

4 Processing missing values in other software

In this section, we describe the tools for processing missing values in various data mining software.

We work on the learning sample with 5% of missing values (111 complete instances on 300). The test

sample is the same as previously.

4.1 ORANGE

4.1.1

Programming the analysis

Missing value imputation. After we launch Orange, we can define a new schema.

File View Options Widget Helg

-
97 Crange Canvas

Data | Visualize I Classify I F‘gression

FPE
File Paint  Info Saw Data
Data Table
4 ] |
B
Open 1
Fie Rename F2
Remaove Del
Help F1

. o2

Data File

]

[credit—german-md—s_oo.b(t

] [ & Reload J

Info

300 example(s), 20 attribute(s), 0 meta attribute(s).
Classification; Discrete dass with 2 value(s).

Advanced settings
Missing Value Symbols
Don't care:

Don't know: ?

New Attributes

Create a new attribute when existing attribute(s) ...

() Have mismatching order of values

@ Have no common values with the new (recommended)

(71 Miss some values of the new attribute

) ... Always create a new attribute

Repart

We set the FILE (DATA tab) component into the canvas. We set the file name (CREDIT-GERMAN-MD-

5_00.TXT) and we specify the code ‘?" (DON’T KNOW) which represents the missing value.

We visualize the dataset with the DATA TABLE (DATA tab) tool.
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-
99 Orange Canvas ) I = | B 2
- - - - -
File View Options Widget Help B Data Table R | ﬂ
[ D = ll Info -
) credit-german-md-5_00 (Examples) |
Data | Visualize I Classify I Regressi ADEER L, checking_status duration credit_history p
— — — 189 (53.0%) with missing values. |: |
‘ % ‘ ‘ @ ‘ ‘ .I ‘ 1 <0 12 critical/other ex... new ci~ |
: . - 20 attributes, 2 <0 6 7 <— furnite
File Paint In Save i
Data BomS Rt 3«0 6 critical/other ex... new c:
ol || Discrete dass with 2 values. 4 no checking 15 existing paid used ¢
5  ==200 18 all paid radio/
Settings i i
6 nochecking 18 all paid new ci
Show meta attributes X . X
7 nochecking 48 critical/other ex... busine
Show atiribute labels (if any)
8§  0<=X<200 30 critical/other ex.. new c:
Resize columns: E] ! :
9 no checking 18 delayed previo..  busine
[ Restore Order of Examples ] X .
- 10 no checking 18 critical/other ex... usedc
| ‘ E Colors 11  no checking ? €&— all paid used ¢
Exaniples _ .
—— Data Table [ visualize continuous values 12 »=200 10 < radio/t
‘ % ‘ [T Color by dass value 13 no checking 12 critical/other ex... new c:
E [ Set colors ] 14 no checking 24 existing paid new ci
15 0==X<200 13 existing paid radiof
Selection 16 <0 18 critical/other ex.. new c:
[ Send selections ] 17 no checking 18 critical/other ex... radio/
[] commit on any change 18  no checking 9 existing paid radio/
19 <0 18 existing paid new ci 7
[ Report ] «[Lm 3
.

Orange announced that 189 observations contain at least one missing value (189 + 111 complete

instances = 300). It handles properly the missing value code during the importation.

We insert the IMPUTE (DATA tab) tool into the canvas. We click on the OPEN menu to set the

parameters. The following options are available:

e DON’'T IMPUTE. Nothing is done. The subsequent learning algorithm (e.g. LOGISTIC REGRESSION)
handles the missing values.

e AVERAGE /MOST FREQUENT. This is the univariate imputation described above.

e MODEL-BASED IMPUTER. It uses a nearest neighbor algorithm to replace the value of a variable
from the values of the other variables. This approach seems better than the univariate one
because we make use of the relation between the variables. But the calculation time may be
prohibitive on a large dataset. This approach is known also as the hot deck imputation strategy.

e RANDOM VALUES. Orange tries to approximate the distribution of each variable. It then uses a
value retrieved in accordance with approximated distribution into the range of possible values.

e REMOVE EXAMPLES WITH MISSING VALUES. This is the “listwise deletion” strategy.

We choose the MODEL BASED IMPUTER approach.

N.B.: We note that we can define a specific strategy for each variable of the database. We can even

directly specify a value to replace the missing ones for each variable.
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om0 e R O

File View Options Widget Help 1 Default imputation method I
[ H ] " () Don't Impute
[ | I | I 1| ) Average/Most frequent
Data Visuali Classi Regressi Eva
= fy £55on vaug] @ Model-based imputer é e —
Banal E - g
l (7} Remove examples with missing values N
Fle Pant Info Save Data Select : I
| Data Table Attributes
< o Individual attribute settings B
checking_status [ e
@ duration @ Default (above) -
| credit_history ) Don'timpute L
purpose () AvgMost frequent

[ credit_amount .
) Model-based

Exaniples savings_status
employment (") Random
installment_commitment ® Remave exampies

Examples personal_status -

File other_parties ) Value
residence_since
property_magnitude [
age g

other_payment_plans - Set All to Default |

Class Imputation
Impute dass values

Send data and imputer

| Apply | L
Send automatically

We add the LOGISTIC REGRESSION tool (CLASSIFY tab). We do not use the variable selection process.

. B
@ Orange Canvas l = | B 2 ]

File View Options Widget Help
HE® N

Dats | Visuslize | Classify | Regression | Evaluate |

Logistic Regression - &u

=L@ B | e | oo f

Maive Logistic  Majority  k MNearest Classification C4.5 Cla

Bayes Regression Meighbours Tree T

tribute selection
4 n

Stepwise attribute selection

Add threshold [%]
Remaove threshold [%6]
[] Limit number of attributes to

mputation of unknown values

Classification/Regression trees
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We note that the component "logistic regression" has an internal mechanism for the imputation of
missing values (IMPUTATION OF UNKNOWN VALUES). Various solutions are proposed: univariate

imputation (average, minimum, maximum); multivariate imputation where it predicts missing values

of a predictive variable from the other variables in the database (using a decision/regression tree).

This feature is enabled if we choose the DON'T IMPUTE option into the IMPUTE component.

-
-

|=|m| = [ Model evaluation on the

File View Options

Widget Help { B e

test sample. The model is

HE ® N

Data File

automatically learned

Data | Visualize I Classify I Regression [aedit—german—test.b(t

Info

700 example(s), 20 attribute(s), 0
Classification; Discrete dass with 2 valdg(s).

Advanced settings
Missing Value Symbols

C{ 1l
N Data Table Don't care:
l % Don't know:
Exarhples
i =[]
File OCE | Mew Attributes
=i

Examples
Impute Log|l

Create a new attribute wh
() Have misma gk

sting attribute(s) ...
order of values

no common values with the new (recommended)
(7) Miss some values of the new attribute

() ... Always create a new attribute

when we close the setting
dialog (we can visualize it
the NOMOGRAM

We to

evaluate its performance

using

tool’). want

on the test set. We insert
again the FILE component
and we select the CREDIT-
GERMAN-TEST.TXT  data

file.

m

[ Report

] Then we add the TEST

LEARNER component

the following connections.

- (EVALUATE tab). We set

Learners Matrix  Analysis  C|

]

File (2}

- @ s DRI e
@F Orange Canvas —
File VMiew Options Widget Help
¥ = N Data Ea
H . ExampleTable u]als
Data I Visualize I Classify I Regression| Separate Test Data
— Examples M ExampleTable

|:|(_l |:|:| E h ExampleTable Learner

& ' orange. Learner

Test Predictions Confusion ROC Prep

PreprocessedLearner

Test Learners

!/

OK

[ clearan | ][ cancel

Exanjples C{ 0 }3

\ @ Data Table
File Examples C{_/_

Logistic Regrgfsion

Leal

B &

Test Learners
File (2)

ner

m

7 E.g. http://data-mining-tutorials.blogspot.fr/2010/07/naive-bayes-classifier-for-discrete.html
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For the connection between the sample FILE (2) and the TEST LEARNERS component, we must

specify that it concerns a separate test set (SEPARATE TEST DATA).

We open the TEST LEARNERS component. We specify that we evaluate the classifier on the test
sample. The test accuracy rate is 72.43%.

L3 - — — A
e I e | - ki i

ETTTE—

Sampling

Evaluation Results

(7)) Cross-validation

Mumber of folds: 5 =
() Leave-one-out

(Z) Random sampling
Repeat trainftest: 10 =
Relative training set size:

57%

() Teston train data

@ Teston test data e

Apply on any change

Apply

Performance scores

Classification accuracy
Sensitivity
Specificity
Area under ROC curve

Tnfrrrnatinn crnre
4 UL} 2

[ »

Target dass

[good

Method CA

1 Logistic regression 0.7243 6

L

4.1.2

Comparison of the imputation techniques

We want to compare the various imputation methods on our dataset. This is easy under Orange.

% Impute

Default imputation method

@ credit-german-md - Orange Canvas

() Don't Impute

File Wiew Options Widget Help

o E = n

Average Most frequent
Model-based imputer

Random values

Bamm
File Paint Info Save
Data

Data
Table

Data | Visualize | Classify | Regression | Evaluate ]

[E3MEAES|

@ Remove examples with missing values

Individual attribute settings R

.

Select checking_status
Attributes duration

<

i [ credit_history

[ purpose

Exaniples

Data Table

credit_amount

m savings_status
employment
installment_commitment
personal_status
other_parties
residence_since
property_magnitude

(8 age
other_payment_plans

@

Default {above)
() Don'timpute

i Most frequent
) Mo d

andom

emave examples
) value

0<=X<200 A

81 Testlearners

=@ = |

Sampling
() Cross-validation

Number of folds: 5 2

(©) Leave-one-out

() Random sampling
Repeat trainftest: 10 |5
Relative training set size:

[ B ] b

() Test on train data

@ Teston testdata

MWVW

Apply

Performance scores

- Set All to Default

I Class Imputation

[] 1mpute dass values

Send data and imputer

I Send automatically

Apply

File {2) [

Report

Classification accuracy =«
Sensitivity ?
Specificity 3
Area under ROC curve
Information score

F-measure 7
] 1t 2
Target class

Evaluation Resuilts

Method CA

1 Logistic regression 0.6614
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Orange proposes a very practical feature. We leave open the TEST LEARNERS window and we
interactively modify the imputation option into IMPUTE component. The results are refreshed when
we modify the option (SEND AUTOMATICALLY must be selected). We obtain the following table:

Approach Class. Accuracy
Don't impute (Internal method of Logistic Reg.) 0.7357
Average / Most Frequent 0.7271
Model-based imputer 0.7243
Random Values 0.7357
Remove Examples with missing values (listwise deletion) 0.6614

Apart from listwise deletion approach, all methods are similar on our dataset. Curiously, the accuracy
rate in some situations is higher than the accuracy of the learned model on the complete dataset
under R (73%). Perhaps R and Orange® logistic regression algorithms have not exactly the same
characteristics. It is possible also that it was simply the consequence of fluctuations sampling.
Anyway, we find that the listwise deletion approach is not appropriate when the proportion of

missing values increases (5% for the experiments under Orange).
4.2 KNIME

KNIME proposes the MISSING VALUES component for the treatment of missing data. In this section,

we reproduce inthis section the analysis schema that we have defined under Orange.

Listwise deletion strategy. We import the CREDIT-GERMAN-MD-5_00.TXT data file using the FILE
READER tool (10 / READ). The missing value is symbolized by the character '?'.

KNIME - i" - @@éf

File Edit View Search Run Mode Help
= =R, 2hd - v ks Qv Y| 100% v |

 Dialog - 2:1 - File Reader = | B [ ti|

. = N . File
a Workflow Projects O || 4 0: Tree Again s "2 Missing
I | = <<)=={> = ~ - . Gw Variables | Memory Palicy
A Missing data imputation File Reader T ASCII data file location: {press ‘Enter’ t\update preview)
A Tree Again //
¥ Configure... valid URL: |3/md_experiments_with_orange/german credit-german-md-5_00. bt »
A Execute
T | e (o e [ Dracarua tear cathinne frr nam lnration
Nodel c !
. ance [ read row IDs Column delimiter: | <tab> =
A Node Repasitary =0 = read column headers ignore spaces and tabs
- = = | EniEriy [] Java-style comments Single line comment:
10 B New Workflow 2
iy -
3 Read Q“h_ Collapse into Me
| 3 File Reader Expand Meta No Preview
E‘,‘;,? MRFF Reader A Click column header to change column properties (* = name ftype user settings)
Show Flow Varia
[ CSV Reader - - —— - -
E= [ine Reader ob" o Row ID S chedkin... | | duration | § credit_history | & purpose | credit_... | § savings...| § employ.
Row0 |<0 12 icritical fother exist... new car 3499 <100 1<=X<4
gTab\EReadEr N -
s =| Copy Rowl |<0 6 ? furniture/eq... 1872 <100 ? =
i PMML Reader g - 3
Paste Row2 |<0 6 icritical fother exist... jnew car 1361 <100 <1
A% Model Reader = . Row3 |nochecking |15 lexisting paid used car 3029 <100 4=X<T
B Write B Console & <7 Undo Rowd |»=200 13 iall paid radio/tv 1445 Ino known sa...[4<=X<7
= Other KMIME Consoll Redo Row5  |no checking 18 iall paid new car 6458 <100 =7
@ Cache [ Delete Row6 |nochecking |48 icritical fother exist. .. business 7629 no known sa...|>=7
£ Database *%% Weled Row7 |[0<=X<200 |30 jcritical fother exist... new car 4245 <100 unemployed
% Data Manipulation - cot @ 0 File Table Row8 |nochecking |18 delayed previously  |business 2169 <100 1<=X<4
o R [ pe— Row? |nochecking |18 icritical fother exist... used car ? ino known sa...|unemployed -
', Data Views
I Statistics Log file is located at: C L] L '
@& Mining WARN File Reader
&" Meta
15 Flow Control -
S nie A
= oK ] [ Apply ] [ Cancel

]

8 http://orange.biolab.si/doc/reference/Orange.classification.logreg/
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We launch the importation by clicking on the EXECUTE menu.

File Reader

Node 1

Interactive Table

o—a

Mode2 | - Table View - 2:2 - Interactive Table

-:-Ehg‘

File Hilite Mavigation View Output
Row ID S chedkin...| | duration | § credit_history | § purpose | credit_...
Row0 <0 12 critical fother exist... |new car 3499 -
Rowl =0 & ? furniturefeq... (1872 |a
Row2 <0 G critical fother exist... |new car 1361 |
Row3 no checking |15 existing paid used car 3029
Row4 >=200 18 all paid radio/tv 1445
Row5 no checking |18 all paid new car 5458
Rowé no checking |46 critical fother exist... |business 7629
Row? 0<=X<200 |30 critical fother exist... |new car 4249
Rowa no checking |18 delayed previously |business 2169
Rowd no checking |18 critical fother exist... jused car 7
Row10 no checking |7 all paid used car 7485
Rowll >=200 10 ? radio/tv 1347
Row12 no checking (12 critical fother exist... |new car 926
Rowl3 no checking (24 existing paid new car 1242
Rowl4 0-=X<200 13 existing paid radio/tv 2101
Rowl5 <0 18 critical fother exist... |new car 5302
Rowls no checking |18 critical fother exist... |radio/ftv 2238
Rowl7 no checking |9 existing paid radio/tv 2697
Rowld <0 18 existing paid new car 2249
Row19 no checking (12 existing paid radio/tv 1262
Row?20 no checking |24 all paid business 1559 -
4 m 3

component
[ ]
File
Default | Individual I Flow Variables I Memory Pnlicyl
Integer Columns
| Integer
() Do MNothing @ Remove Row
() Min () Max
() Mean () Most Frequent
() Fix Value: 0
Interactive Table ITieEnTE
D Double
(7) Do Mothing @ Remove Row
() Min () Max
(71 Mean
() Fixt Value: 0
String Columns
Node 1 Node 3
8§ String
() Do Nothing (@ Remove Row
() Most Frequent
() Fix Value:
Unknown Columns
? Unknown
@ Do Mothing  (7) Remove Row
[ OK ] [ Apply ] [ Cancel ]

To check the data importation, we visualize the dataset using the INTERACTIVE TABLE (DATA VIEWS)

We insert now the
component MISSING
VALUE (DATA
MANIPULATION /

COLUMN / TRANSFORM)
into the workflow. We
the

implement listwise

deletion strategy
(REMOVE ROW), whatever
the variable type, into the
settings dialog
(CONFIGURE
Again, to check the result
of the
visualize the dataset with

the table

menu).

treatment, we
interactive
component. We observe
that the rows containing
at least one missing value
(ROW0O, ROW1, ROW?2,
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ROW9, ROW10, etc.) are removed from the learning set.

Interactive Table

File Reader NodeZ \ricingValue Interactive Table

g o —a
Model Mode 3 MNode d
- .
. Table View - 2:4 - Interactive Table [ -

File Hilite Mavigation View Output

Row ID S dheddn...| | duration | § oedit_.. | § purpose } credit_... | § savings...| § employ
Row3 no checking |15 existing paid  |used car 3029 <100 4o=X<7 .
Rows =200 13 all paid radio/tv 1445 no known sa.. . [4<=X=<7 [
Row5 no checking |18 all paid new car 6458 <100 =7
Rowd no checking |48 critical fother. .. |business 7629 no known sa... |==7
Row7 0<=X<200 30 critical/other... \new car 4249 <100 unemployed
Rowd no checking |18 delayed pre... |business 2169 <100 1<=X=4
Rowil2 no checking |12 criticalfother. .. |new car Q26 <100 unemployed
Row13 no checking |24 existing paid  |new car 1249 <100 <1
Row15 =0 18 criticalfother. .. |new car 5302 <100 =7
=Ry ] mn rheckinn 74 all m=id hi IcinAes 1550 E ] A=Y =T

] 1} | 3 .!
\ —— — = —

Naive bayes classifier. In the first version - in French - of this tutorial, | did not see that the Logistic
Regression is into the STATISTIC branch and not into the MINING branch into the node repository. |
have thought that this approach was not available. | decided to use the naive bayes classifier, which
is also a linear classifier. Subsequently, Loic Lucel (thank you very much Loic) had pointed out to me
the presence of logistic regression. So | decided to keep in this tutorial the studies for the naive bayes

classifier and the logistic regression.

We add the NAIVE BAYES LEARNER (MINING / BAYES) into the workflow. We set CLASSE as

classification column.

. Interactive Table r -
Interactive Table -4 Dialog - 2:5 - Naive Bayes Leamner E@g
ile
=9 ONgns | Flow Variables I Memary Policy|
Mode 2 MNode 4 . .
ode lassification Column: | § dasse -
File Reader Missing Value [ | Naive Bayes Learner
SRR [ skip missing values {ind. dass column)
-
E] Maximum number of unique nominal values per attribute:
Node 1 Node 3 Node 5 20l=
’ OK ] ’ Apply ] ’ Cancel ]
b d

We click on the EXECUTE AND OPEN VIEWS menu to obtain the results. Knime provides the
conditional mean and standard deviation for continuous descriptors, the contingency table for the

calculation of the conditional probabilities for the discrete ones.
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4 MNaive Bayes Learner View - 0:5 - Naive Bayes Learner - [ = & & l

File

Class counts for classe I
Class: bad good 3
Count: 35 76 m

Total count: 111

Gaussian distribution for age per class value COntI nUOUS deSCrl ptOf

bad good
Count: 35 76
Mean: 33.42857 38.07805
Std. Deviation: 11.53584 11.65248
Rate: 35111 76/111

Penecking status | css=?)  Djscrete descriptor

Class/checking_status 0=X200 [} ==200 ne checking
bad 12 12 3 8
good 23 9 5 39
Rate: 32% 192 7% 42%

I_F a T
4 1 2
g J

Evaluation on the test set. We want to evaluate the model on the test set. We load this last one by

using another FILE READER component. Then, we compute the predicted values using the NAIVE
BAYES PREDICTOR tool.

Interactive Tabl Interactive Table

File Reader
(==5)
Learning Sample
Naive Bayes
Predictol
File Reader redictor
" a
=9
=9 Node 7
Test sample

To obtain the confusion matrix, we use the SCORER component. We set (CONFIGURE menu) CLASSE
in row and the predicted values [WINNER (NAIVE BAYES)] in column.

14 octobre 2012 Page 17



Didacticiel - Etudes de cas

Interactive Table

Interactive Table

Node 2 MNode 4
File Reader Missing Value /| Naive Bayes Learner
@ o

Node 3

Learning Sample

File Reader

Node 5

By

Test sample

R.R.
.
«a Dialog - 0:8 - Scorer " = | | S
>,
File
Scarer | Flow Variables | Memary Poliq-'|
First Column
[ S dasse -
Il | second Column
[ S Winner(Naive Bayes) =
[ QK l [ Apply ] [ Cancel
LS

We click on EXECUTE AND OPEN VIEWS. The accuracy rate is 70.286%.

Interactive Table  Interactive Table
Mode 4

Node 2

. Confusion Matrix - 0:8 - Sc...[ =n|uE) ﬂh,l

File Hilite

dasse \Wi... bad good
bad 93 117
\good 91 399

File Reader Missing Value /| MNaive Bayes Learner
B o
Learning Sample Node 3 Node 5
File Reader
Test sample

Correct dassified: 432

Accuracy: 70.286 %

Wrong dassified: 208 I
Error: 29.714 %

W =

The naive bayes classifier is less penalized by deleting rows than logistic regression. Indeed, the

accuracy rate of the model learned from the complete data (without missing values) is 72%. This

behavior is probably the consequence of the low number of parameters to estimate from data.

Note: Of course, when we have a high proportion of missing values (e.g. 10%, it remains 40 rows into

the learning set), even if the learning process is possible, the model is heavily deteriorated (accuracy

rate: 63.429%).

Univariate imputation. When we choose the
univariate imputation in the IMPUTE component
(mean for integer and double columns, most
frequent for the string ones), the accuracy rate
becomes 71.571%. For the naive bayes classifier
also, as the logistic regression, the univariate
imputation is better than the listwise deletion

strategy in the MCAR missing values context.

s ™
. Confusion Matrix - 0:8 - Sco...ElElﬂ—hJ

File Hilite

dasse |\ Wi... bad good
bad 103 107
good a2 393

Correct dassified: 501 Wrong dassified: 199

Accuracy: 71.571 % Error: 28.429 %
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Logistic regression. The LOGISTIC REGRESSION node is available in the STATISTIC / REGRESSION

branch into the node repository. | repeat the same analysis using this learning method.

—
KNIME o o
File Edit View Search Run  MNode Help
CrH@ A~ ¢~ % @y o ~ |- H00D00& =
aWorkﬂow Projectsl “0(A 0: Tree Again [A*D:Missingdatain\putaﬁon %l =0
B v - -
RIBESE Interactive Table  Interactive Table =
i : Missing data imputation
(& Tree Again
Q=0 e
Node 2 Node 4
File Reader | Missing Value Logistic Regression
(Learner)
Q Mode Reposwtoryl =08 E g R =
- & N
iy 10 o Learning Sample Node 3
[E] Database F
% Data Manipulation File Reader
(), Data Views G
¥ Statistics
=% Regression
; g. - Nodel0 Node 8 b
lﬂ"': Linear Regression (Learner) Test sample
- Polynomial Regression (Learner) i
:‘*" Reg.re;.;ion (Preéidor} 7 EE Qutline &2 = O | & Console &3 Ex @'—E| B~y =0
{ lﬂ"‘ Log!;t!c Regre;;!on (Learr.'ler) — KNIME Console
@ L ¥ Logitic Regression (Predictor) PP 3
“L'”e""c_""ﬂ?t"’” =** Welcome To KNIME v2.4.2.0030673 - the Konstanz
P Correlation Filter o Copyright, 2003 - 2011, Uni Konstanz and KNIM
il Statistics AR AR AR R R R R R R AR AR AR R AR R AR R AR AR AR AR R RA AR AR R AR R AR R
r Crosstab S i Log file is located at: C:\Program Files\knime 2.4.2
¥i Value Counter B
& Mining
B@ Meta =
1= Flow Control ol d Ll '

The categorical variables are automatically coded. The output complies to the standards of the

domain. We have the estimated parameters, their standard error and test of significance statistic.

.4 Logistic Regression Result View - 0:9 - Logistic Regression (Learner)

e

|| File

Statistics on Logistic Regression

Variable

checking_status=0

Logit

bad
checking_status=>=200
checking_status=no checking
duration
credit_history=critical'other
existing
credit_history=delayed
previously
credit_history=existing paid
credit_historv=no credits/all paid
purpose=domestic appliance
purpose=education
purpose=furniture/equipment

PUrpose=new car

»

et St Er.

zscore Pzl LA

1.2391
-0.3502
-1.3266

0.006

-2.8089

-2.415

-2.6995
-0.1139
0.8377
1.6245
-0.3342
0.7304

0.4972
0.9284
0.5226
0.0192

24919 0.0127
-0.3772  0.706
-2.5383 0.0111
0.3108 0.736

0.9262 -3.0328 0.0024

1.008 -2.3959 0.0166

0.8692
1.3018
1.6268
1.0658
0.8601
0.7587

-3.1059 0.0019
-0.0875 0.9303
0.5149 0.6066
1.5241 0.1275
-0.3886 0.6976
0.9627 0.3357

We have launched the workflow on the learning set containing 5% of missing values. The test error

rate is 72.286% when we use the univariate imputation.
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F B
. i Confusion Matrix - 0:5 ... L = ﬂ
Interactive Table  Interactive Table ——
File Hilite
dasse \da... bad good
bad 78 132
CX=LD] r\ﬁ qood 52 423
MNode 2
File Reader Missing Value Logistic Regression
(Learner) Correct dassified: 506 Wrong dassified: 194
@ By Lr.- f Accuracy: 72.286 % Error: 27.714 %
="
Learning Sample Univariate imputation
Node 9 Logistic Regression
File Reader Predictor) Scorer
Mode 10 Mode 8
Test sample
With the listwise deletion strategy, it becomes 67.286%.
- r ™
Interactive Table Interactive Table - Confusion Matrix - 0... &lﬂlﬂ
File Hilite
=) dasse \da... bad good
r%]z Mode 4 bad 133 77
- . ood 152 338
File Reader Missing Value Logistic Regression a
(Learner)
__ Correct dassified: 471 Wrong dassified: 229
i = |
.-.L*rﬁ- Accuracy: 67,286 % Error: 32.714 %
N "' —
Learning Sample Listwise deletion
Noded Logistic Regression
File Reader Predictor) Scorer
-
Teple MNode 10 MNode 8

4.3 RapidMiner

Two tools are needed for the detection of missing values in RapidMiner. Thereafter, we use a specific
component for their treatment. RapidMiner proposes the listwise deletion and the univariate

imputation strategies.

Detection of missing values. After starting RapidMiner, we create a new "Process". We use the READ
CSV (IMPORT/DATA) component to import the dataset. The easiest way is to use the wizard
(IMPORTATION CONFIGURATION WIZARD button) to set the parameters of the importation.

14 octobre 2012 Page 20



Didacticiel - Etudes de cas R.R.

- "
&% Missing values® — RapidMiner@Maison-PC ‘ =8 2
File Edit Process Tools View Help
& 3 F D
Iy r2apllB VD
£ Owenview 7 Process = L [E# Parameters
= - - » o~ O E &~ @ -
| & Repositories = » o BEEES d- EHEIS I nep s B
. Operators Lg Read CSV
e d
= & :] b l A Import Configuration Wizard... l
(2] Process Control (35)
£ Uity (41) csvfile, credit-german-me-5_00.54
r] Repositary Access (2)
£ Sty 3 ) )
E| i Data (19) I~ column separators
& Read cav <)
r 1 svivn tinas
t‘ & Help - Comment
9 Ol ® @
E ;
4 4 Read cSV
Synopsis
; /1y, Prablems o Log Thig operatar can read csy files,
[~ Tﬁ Mo problems found L
4 i : Description
[ Message Fixes Lacation This operator can read csv files, where all values of an example are
4 writen into one line and separated by an constant separator, The
Lg separator might be specified in the column separators parameter.
The default will splitthe line on each comma, semicolon and blank.
[P d Mndels () Arbitrary regular expressions are usahble as separator. Empty values
(] Attributes (2) and the question mark will be read as missing values. You can
W 71 Recnlis 11 miinta tha valias fdncliding tha calimn canaratnre’ swith 2 donkla
®

Defining the type of the variable is essential. For our dataset, all the continuous attributes are REAL;

the others are POLYNOMIAL (more than two categories) or BINOMIAL (two categories). In addition,
we must specify the label column (CLASSE).

===

#¥, Data import wizard - Step 4 of 4 | — — A

B This wizard guides you to importyour data.
f ~»  Step 4: RapidMiner uses stranaly typed attributes. In this step, you can define the data types of your aftributes. Furthermore, RapidMiner assigns roles ta the
atttihutes, defining what they can be used for by the individual operators. These roles can be also defined here. Finally, you can rename attributes or deselect

them entirely.

l ‘@ Reload data I l L?(’g_; Guess value types l Preview Uses only first 100 rows. Date format [[ ] vl
Il nal_st [other_pame"resmence_s[propemr_ms"age Huther_paymu"houmng “emstmg_cre"]ob "num_depenHuwn_te|epht"formgn_worl][classe l

l polyna.. ¥ |[real ¥ || polyno.. = | real * || polyno.. = | polyno.. ¥ || real - || polyno.. ¥ | real - || polyna... ¥ | palyno.. = (| binomi...
E hd at‘trlhuts b aﬁrlhuts i at‘lrlhuts v aﬁr\huts i at‘lrlhuts v aﬁr\huts i aﬁrlhuts hd at‘trlhutE i aﬁrlhuts hd at‘trlhutE o aﬁrlhuts hd Iahel|

2 dividh co applicant 2 real estate none shilled none

single none 4 no knowh pr 36 none far free 3 high quallﬂs 1 YRS YRS good

2 0 errors. lgnore errars  [_| Show only errors
Row, Column Errar Criginal value Message

E.;) l F':Eimsh ngancel

II?III H

RapidMiner uses this first step to detect missing values. For the REAL columns, the character

inconsistent with the definition of the variable. The software deducts that there are missing values.

We observe this by running the PROCESS (PROCESS / RUN menu).

In the EXAMPLE SET (READ CSV) results tab, it lists the number of missing observations for each REAL
variable (e.g. 17 for DURATION, 20 for CREDIT_AMOUNT, etc.).
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F ) 1 1
<3, Missing values - RapidMiner@Maison-PC I o )
. g

File Edit | Process | Tools Wiew Help
9@ =2y 2 pllB YT D
| % Result Overview l} ExampleSet (Read C5Y)

(@) Meta Data view () Data View () Plotwiew () Annotations &~

ExampleSet (300 examples, 1 special attribute, 20 regular attributes) ﬁ -
Role Mame Type Statistics Range Missings |

label clasge hinaminal mode = good (210}, le bad (90}, good (210) 0 HI

regular checking_status polynominal mode = no checking (1 =0 {38), no checking (1 0

regular duration real ayy=22.512 +-13.23 [4.000;60.000] 17—

regular credit_history polynominal mode = existing paid { criticaliother existing { 0

regular purpose palynarminal moade = new car (84), | new car (84), furniturer 0

regular credit_amount real avy = 3F09.750 +- 328 [276.000;15857.000] 20 Ce—

regular savings_status polynominal mode==100{1749), e =100 {179), no known 0

regular employment polynominal mode = 1==X=4 (93}, | 1==x=4(33),?(12),=1 0

regular installment_commitr real avg=3.045 +-1.098 [1.000;4.000] 10 —

regular personal_status polynominal mode = male single {1 female dividepimar (92 0 =il

O Log
E & B nitar
=

Dec 3, 2011 54920 AM INFO: Checking for updates.

Dec 3, 2011 5:49:21 Aw IMFO: Mo updates since Wed Moy 30 08:59:11 CET 2011,

Dec 3, 2011 5:49:24 Aw IMNFO: Decoupling process from location MewlocalRepositondbissing values. Frocess is now assaciated

with file fiflewlLocalRepositornyMissing values. |

Dec 3, 2011 5:52:27 AM WABNING: Password in XML file looks like unencrypted plain text.

Dec 3, 2011 5:52:27 AM WARNING: Password in XML file looks like unencrypted plain text.

Dec 3, 2011 5:53:02 Aw IMFO: Saved pracess definition at kewlocalRepositonihissing values' |

Mee 2 2011 AR T &bl IBFEN Beadinn evamnla cat u

e (

We come back to the PROCESS window. We insert the DECLARE MISSING VALUES component into
the workspace. We set that we want to treat only nominal variables (because the detection for the
continuous attribute is already completed during the importation process) and we specify the code

to missing values (“?”).

2 Missing values — RapidMiner@Maison-PC | [ et

File | Edit Process Tools “iew Help

T HEY »~ pIIB TID

£ Overview ~ Process 52 Parameters
=T
[ Process » - [HEH S~ vy i~
l_ﬁ Repositories 13 @ Declare Missing Value -
= Cperators
- Read CSV attribute filter type
@~ 8> ¥ T -
= ’fj Data Transformation (3) ® g value type
B 5 valus Modi -
g uae value type exception
B ) Data Cleansing (2) U o H
| Replace Missing Values ) )
Impute Missing Yalues inp e @ ) D invert selection
ori
e [[] include special atiributes
n 1
/2 Problems o Log

& Mo problerms found

Message Fixes
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We obtain the number of missing values for each column®.

-
&7, Missing values — RapidMiner@ Maisor e s —

File Edit Process Tools Wiew Help
B2y »ra pilB
| ; Result Overview [} ExarmpleSet (Declare Missing Value) '
m S~
ExampleSet (300 examples, 1 special attribute, 20 regular attributes) @ - I
Rale MName Type Statistics Range Missings
label classe binominal mode = good {2103, le: bad (900, good {210y 0 =
regular checking_status polynaminal mode = no checking {1 =0 {85), no checking {1 14
regular duration real avg = 22512 +-13.23" [4.000; 60.000] 17
regular credit_history polynominal mode = existing paid ( criticalfother existing & 19
regular nurpose poknominal mode = new car (84), | new car (84, furnituren 18
regular credit_amount real avy = 3709780 +- 328 [276.000; 15857.000] 20 I
regular savings_status palynaminal mode = =100 {179, le: =100 {179}, no known : 11
regular employment polynaminal mode =1 ==x=4 (933 I 1==X=4 Q3 ?{0), =1 12
regular installment_commitme real avg = 3.045 +-1.098 [1.000;4.000] 10 v
:. Log
E & B nitar
Dec 3, 2091 6:11:38 AM INFO: Process iNewlLocalRepositorhlissing values starts "~
Dec 3, 2011 6:11:38 Ad INFO: Loading initial data.
Dec 3, 2011 6:11:38 Ad INFO: Saving results.
Dec 3, 2011 6:11:38 Aw INFO: Process fMewlocalRepositorgMissing walues finished successfully after0 s
Dec 3, 2011 6:31:43 Ad INFO: Ma filename given for resultfile, using stdout for logging results!
Dec 3, 2011 6:31:43 AM INFO: Process UNewlLocalRepositorMissing values starts
Dec 3, 2011 6:31:43 Aw IMNFO: Loading initial data. v

We select the DATA VIEW option into the results tab. We can filter the dataset in different ways. We

select for instance the rows with at least one missing value, we obtain 189 rows.

-
&Y, Missing values — RapidViner@ Marson P C

File | Edit

GEEY »rAa bl VT |

(| | = ResultOverview

[ o [ ] |

Frocess Tools Yiew Help

@ ExampleSet (Declare Missing Yalue) l
= R

E—  iew Filter (1897 300) | missing_attributes vI

() Meta Data View (8) Data View () Platview () Annatations

ExampleSet (300 examples, 1 special attribute, 20 regular attributes)

Row Mo, classe checking_st.. duration credit_history  purpose  credit_amo.. savings_st.. employment installment... personal_st.. other
1 had =0 12 criticalfother  new car 34449 =100 1e=K=4 3 fernale diwdi co apie I
2 good =0 B 7 €—— furniturefequ 1872 =100 7 €— 4 rmale single none
3 good =0 3 criticaliother | new car 1361 =100 =1 2 rnale single | none
4 good no checking 18 criticalfother used car ? no known s& unemployed 2 male single  nong
5 had nao checking 7 all paid used car 7485 no known sz unemployed 4 fernale dividi none
[ good ==200 10 ? radia/ty 1347 no knowh sz 4==X=7 4 ? none |
7 good O==x=200 13 existing paid radiofty 1M =100 =1 2 fermale divid guar i
g good no checking 18 criticalfother  radio/ty 2238 =100 T==K=4 2 fernale dividi nonegs
a B |
& Log
=P Maonitar '
Dec 3, 2001 6:11:38 AM IMFO; Frocess MewLocalRepositorngMissing values stars A
Dec 3, 2011 6:11:38 AM IMFO: Loading initial data
Dec 3, 2011 6:11:38 AM INFO: Saving results.
Dec 3, 2011 6:11:38 AM INFO: Process INewLocalRepositordMissing values finished successfully after 0 s
Dec 3, 2011 6:31:43 AM INFO: Mo filename given for resultfile, using stdout for logging results!
Dec 3, 2011 6:31:43 Aw IMFO: Process ifNewlLocalRepositondiissing values starts
Cec 3, 2011 B:31:43 AM INFO: Loading initial data.
E
Univariate imputation. We add the REPLACE MISSING VALUES in our process (DATA

TRANSFORMATION / DATA CLEANSING). RapidMiner proposes the AVERAGE for the missing values

9 The whole process seems complicated for a text file such as we want to handle in this tutorial. It becomes easier

when we handle a dataset from a DBMS such as Oracle, etc. See http://www.youtube.com/watch?v=0IVZmAkOpI4
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imputation. In reality, this option operates also for the categorical variables. In this situation,
RapidMiner uses the MODE.

File Edit Process Tools View Help

TaEEy »AapllE VD
HPrucess XML

Gi - - '_ 5 FiGEss b 9 - t’ @ |§ - @Paramelers
Lo aR-~-|
T Qpetators 1| Replace Missing Values
E Read CSV
@-[a» ¥ O
fil - create view
B & Data Transformati - g ) I
B9 %ug Mlgum;‘a Declare Missi... Replace Missi atribute fitert.. f
aclare Mi g ea exap— exa exa
= i )
B Dat\eans @ ori ) E‘J o [ irmert selection i
Imputa Mig | inp . "
o [ incluce special attributes i
v

/2 Problems & Log
- colmns b Edit List

% Ko problems found l

Message Fixes Location "

i (EE—
—

We want to insert the supervised
Read C5V

learning component in our process. | i g out [}

The logistic regression of RapidMiner = c"e”a'ems"i'“) CRE"'“"W“L')
does not correspond to the usual ] i [) 0l =P

0 pre
method that we find in statistical e
tools. It seems preferable to use the i

Haive Bayes
Naive Bayes classifier here. (RE Q mod )
5 exa)

We launch the process. Into the table o

describing the conditional

distributions, we observe that the "?" value is not present. The imputations are really completed.

r hl
@ Missing values — RapidMiner@Mai pPC u_lg-:.ﬂ.
File Edit Process Tools Miew Help
T = i
Tl =ES 2 pilB YD
; Result Overview Q SimpleDistribution (Maive Bayes)
() Textview () Platview (@)D @I~
Attribute Farameter bad good |
checking_st value==0 0.484 01945 =2
checking_st walue=nochh 0167 0.505
checking_st value===200 0.033 0.062
checking_st walue=0==X- 0.311 0.238 :
checking_st value=? 0.000 0.000 e
checking_st walue=unknc 0.000 0.000 I
duration mean 25.345 21.298
duration standard der 13.375 12.462 |
credit_histor value=critica 0.178 0.329 |
credit_histor walue=? 0.000 0.000 e
credit_histor value=existir 0.533 0.533 ul
& Log |
E & R onitar ||
Dec 3, 2071 B:10:58 Aw IMFO: Loading initial data. ”
Dec 3. 2011 f:10:58 AM SEYERE: Process failed: nnerator cannnt he execited (Fxtractinn nf nominal examnle value for - I
=)
———— e
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Model evaluation. We insert again the READ CSV component to load the test set (CREDIT-GERMAN-

TEST.TXT). We make the following connections between the components.

Replace Missi...

Read CSV
¢ fil l§ out [}
(5] Declare Missi...
( exa exa [
B
(5]
Read CSV (2)
(] i g ot [
o]

exa

exa [

@ ori)

pre [

Haive Bayes

tra

)
g
5

T

Apply Model

P W

mod

unl

(-]

()
2

lab

T

rriad

Last, the PERFORMANCE CLASSIFICATION (EVALUATION / PERFORMANCE MEASUREMENT /
CLASSIFICATION AND REGRESSION) component enables to compute the accuracy rate (ACCURACY).

E

Eile Edit Process Inols View Help

TaoEEs > pPlIIB NFD

L Overview +~ Process ML |52 Parameters |
@~ - & Hrocess » - IES-TwerxB-
P (Classificati
Read CSV. main criterion A
e i é} ot
JE— —_— accurac
] Declare Missi... Replace Missi.. = 4
= B o = [ classification error
B oaip o
i L] L [ kappa
[ weighted mean recall
£ Operators |2 Repositories Haive Bayes
o fomme _JO[B[W o = T——
xa
2 Import (1) [~ ] ® 1 [ spearman tho
= ) Results (1)
& Read Ferformance
B Export (1) [ kendall tau
= G Results (1) Read CSV (2) Apply Model
o rite Performance " |§ ot CT—t [FR— [] absolute error
B 5 Evaluation {17) a g G medd o By ea
= 3 Performance Measurement (17) ® ® [ relative error
B %5 Classification
e ion)
. relative errar lenient
& Ferforman Classif| = U
Performance (Regression) 3]
@ perormance (Coste) . [ relative errar strict
G Perormance (Ranking /2 Problems i Log
B Ferbimance Suppor vector ol S W prablems faund [ normalizedt absolute error
B ) Attributes (13
Ferormance (Attribute Coun) Message Fixes Location [] root mean squared erraor
B ) Clustering (5)
% cluster Count Perormance [] raot relative squared eror
% Cluster Distance Performance
9 Cluster Density Performance &3
> [ squared erar 2
() ]

We launch the process. The test accuracy rate is 74.86%.
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* ' Missing values pidMiner@Maison

File Edit Process Tools View Help

TEEs capUB UTO

; Result Overview *E, Ferformancevector (Perfarmance)
@) Table fPlotView () TextView () Annotations (=
Il -crierion etector ) Multiclass Classification Performance () Annotations [
¥ Table View PlotView

accuracy: 74.86% (—

true bad true good class precision
pred. bad 91 57 61.49%
pred. good 119 433 TE.44% ||
class recall 43.33% 88.37%
]
(]
& Log
E & R tWanitor |
Dec 3, 2011 7:03:38 AM IMF O Saving results.
Dec 3, 2011 7:03:38 AM INFO: Process fiMewlocalRepositorndhizsing values finished successfully after 0 =
()

5 Results on the WAVE dataset (2 classes version)

To confirm the results highlighted in this tutorial, we repeat the same process on the binary version
of the waveform™ dataset (the instances corresponding to the third class are removed). We have 500
instances in the learning set and 32867 instances in the test set. The estimation of the accuracy rate

will be more precise.

We obtain the following results using the logistic regression:

WAVE DATASET Accuracy rate
% missing| # complete obs. Listwise Del. Univ. Imputation
0,00% 500 0,9150 0,9150
0,50% 451 0,9147 0,9150
1,00% 405 0,9082 0,9162
2,00% 331 0,9068 0,9160
5,00% 177 0,8731 0,9174
10,00% 72 0,7847 0,9192
20,00% 6 ERR 0,9188

The results are consistent with those obtained on the GERMAN dataset. When the proportion of

missing values increases, the univariate imputation is far better than the listwise deletion strategy.

Curiously, compared with the performance of the model learned from the complete dataset, the
accuracy rate of models seems improved when the missing values are replaced by the mean. | have
no veritable explication for that. This is probably a consequence of sampling fluctuations. Anyway,

the programs and the dataset are available. The reader can repeat the experiments.

10 http://archive.ics.uci.edu/ml/datasets/Waveform+Database+Generator+%28Version+1%29
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6 Conclusion

The treatment of missing data is a very difficult problem. We must make choices based on factors
that we do not control very well (the missingness mechanism). In this tutorial, we have tried to show
several software solutions. When the missing values are MCAR, univariate imputation (mean / mode)
seems have a good behavior in the logistic regression context, to the extent that our main criterion is

the generalization accuracy rate.
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